Seeds of 24 West African rice (Oryza sativa L.) genotypes were evaluated for seed vigour traits in the laboratory and field in two cropping seasons at the Research Farm of Federal University of Agriculture, Abeokuta, Nigeria. Seed yields of these genotypes were also determined in the field during the two seasons. Data collected on seed vigour traits were subjected to multivariate analysis including principal component analysis (PCA) and cluster analysis. The first three axes of the principal component analysis across the two seasons captured 86.34% of the total variation among the entries and identified seedling vigour index-I, seedling vigour index-II, speed of germination index, percentage germination, seedling establishment, emergence percentage and seed yield per plant as the characters contributing most to the variation. Cluster analysis classified these genotypes into four distinct groups based on germination and emergence percentages. Fifteen of the genotypes with mean values of between 60.43% and 65.18%, clustered in group 1, two genotypes each with mean values of 65.71% and 58.81% and 20.11% and 29.49% clustered in groups II and IV respectively while the remaining five genotypes with mean values of between 55.19% and 55.88% clustered in group III. Hybridization of genotypes across dusters could lead to increase in heterosis in cross progenies. Those characters identified by PCA could be included in the crop improvement programme for improved seed quality within West African low land rice germplasm.
Introduction
Rice (Oryza sativa L.) is one of the most important cereals in the world, with a global production of 590 million tons. It is an important staple crop in Nigeria and indeed most countries. Rice is one of the most important sources of carbohydrate in the food basket of most countries of the world including Nigeria.
Multivariate statistical methods have found extensive use in summarizing and describing the inherent variation in a population of crop genotypes [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . Some of the methods include principal component analysis (PCA), descriminant canonical analysis (DCA) and cluster analysis (CA). These statistical techniques identify plant characters that contribute most to the variation within a group of entries. The methods are often extended to genotype grouping in order to cluster entries that show similarity in one or more characters and thus guide in the choice of parents for hybridization [13, 14] . PCA is a technique, which identifies plant characters that contribute most to the variation within a group of entries [15] . It is also a common ordinational numerical technique, which reduces the dimensions of multivariate data by removing inter-correlation among variables (characters on which units are to be compared), and enables multi-dimensional relationship to be plotted on two or three principal axes [16] . PCA chooses independent or orthogonal axes, which are minimally correlated and represents linear combination of the original characters [17] . The relative discriminating power for axes and their associated characters are measured by Eigen values and factor scores, respectively.
PCA was used as a descriptive method to show patterns of co-variation of characters among characters with 1.0's in the diagonal of the correlation matrix, it is partitioned into components to account for a maximum amount of variance of the characters. In order to facilitate the interpretation of the result, the components can be rotated mathematically so that a given character tends to show its greatest contribution on a given component [18] . PCA reliably represents large distances between major groups but not between closely spaced units within the groups [19] . This technique has been used to partition observed variation in genotypes of many crops including kenaf [15] ; rubber [20] ; rice [10, 21] ; Okra [3, 22] ; cowpea [23] and sesame [7, 11] .
In a study on sesame, Mponda et al. [7] reported that the first three principal axes accounted for 81.7% of the total variation in seed quality traits among 50 genotypes evaluated. He reported that the characters fall into two main groups. The group of juvenile characters contrib.-utes 46.4% to the total variance as PC1 and the mature characters a further 28.6% as PC2. Between them, these first two components contribute 75.1% to the total variation. Similarly, Adebisi [11] also noted that the first three principal axes accounted for 57.90% of the total variation among 14 sesame genotypes and identified seed yield/ plant, capsule number/plant, capsule weight/plant, seedling vigour index, standard germination, field emergence, stress germination and seed production efficiency as components accounting for most of the variability among the sesame genotypes.
Cluster analysis is a method often extended to genotype grouping in order to cluster entries that show similarity in one or more characters and thus guide in the choice of genotypes for crop improvement [13, 23] . The use of multivariate techniques to discriminate among forage varieties was discussed by Patterson and Weatherup [24] . They reported that the Euclidean distance is the simplest measure of distance and hence, discrimination among varieties but the measurement is sensitive to the scale of measurement. The cluster technique, however, shows the pattern of relationship between genotypes within a population and also classifies the genotypes into groups. The methods have been used by Akoroda [19] in yam, Ariyo [13] in okra, Alika [25] and Omokhafe and Alika [20] in rubber, Lee et al. [26] and Nassir [10] in rice, Akintobi et al. [23] in cowpea and Adebisi [11] in sesame.
The comparison of the variation patterns among rice genotypes in respect of seed quality is necessary in seeds of West African rice genotypes. Besides, literature on the varietal classification of West African rice based on seed quality (germination and emergence) is scanty. Therefore, the objective of this research work was to identify the seed vigour traits that contribute mostly to the variation in seed vigour of 24 West African genotypes across and within seasons and also to determine the extent of similarity in seed quality among the 24 West African rice genotype using germination and field emergence tests.
Materials and Methods

Seed Source
Seeds of 24 lowland rice genotypes (as shown in Table 1 ) were examined for the study. The seeds were obtained from the West African Rice Development Association (WARDA) substation in the International Institute for Tropical Agriculture (IITA), Ibadan, Nigeria. 100-seed weight (g) (100-SW): Weight in grammes of 100 seeds of each genotype was determined. Germination Percentage (G%): One hundred seeds per replicate were placed in moist filter paper in 11 cm diameter Petri dish. Germination count was recorded every 2 days for 8 days after sowing (DAS). The final count of germination was recorded on the 8th day according to International Seed Testing Association rules [27] and number of normal seedlings was expressed as a proportion of seeds evaluated.
Experimental Sites
Speed of Germination Index (SGI): This was calculated as described in the Association of Official Seed Analyst [28] as follows.
Numberof germinated seed + Number of germinated seed SGI Days of first count + Days of final count
Seedling Vigour Index-I (SVI-1): This was calculated from data on germination percentage and seedling growth according to Kharb et al. [29] by the formula below:
Seedling length Germination Percentage Seedling Vigour Index-I 100
 
Seedling Vigour Index -II (SVI-II): This was calculated using the formula of Kharb et al. [29] , as follows:
Seedling dry weight Germination percentage Seedling Vigour Index-II 100
Energy of Germination (EG): This was obtained as the percentage of germinating seeds 3 days after planting relative to the number of seeds tested. The larger the energy of germination, the faster the rate of germination [30] .
thinning, a post emergence fertilizer application of N. P. K. 15-15-15 was applied by drilling at a rate of 200 kgN/ha. Urea was applied as top dressing at 65 kg/ha at booting. The plots were weeded regularly to minimize weed infestation. Bird damage was controlled using bird scarers. Also the entire field was covered with waterproof rubber net from panicle appearance till harvesting to prevent bird attack. Rodents were checked with bamboo fence and trap constructed round the field. 
Field Test
Experimental Design
The field experiment was designed as a factorial experiment with two factors (24 genotypes and two seasons). The field was laid out in a randomized complete block design (RCBD) with three replicates. Each genotype was sown in a 3.0 m long and 0.2 m width double row plot with a space of 1.0 m between each genotype and each replicate was separated by a Im alley. The field was ploughed, puddled two times and then drained during the two seasons. Seeds were sown on raised seedbeds in the field in late November 
the percentage of seedlings established 14 DAS relative to number of seed sown [34] . Plant Height at 30 DAS (PHT): Plant height was measured from the ground to the tip of the tallest panicle in centimeter at 30 DAS.
Seedling Dry Weight at 30 DAS (SDW): The five randomly selected plants were further dried in a hot air oven at 80˚C for 48 h. Dry weight was measured in gramme (g) Seed Yield/plant (SY): Seed yield was determined as seed yield per plant and then expressed as seed yield per ha.
Data Analysis
All analyses were done using the SAS statistical package. Data on germination percentage, energy of germination, emergence percentage, speed of emergence and seedling establishment were analyzed after angular (arcsine) transformation of percentages.
The data were subjected to multivariate analysis consisting of the principal component analysis and hierarchical cluster analysis. The principal component analysis (PCA) was used to explain the pattern of character covariation among the genotypes. PCA was also used to identify the plant characters that contribute most to the variation within a group of entries [15] across and within seasons. For the hierarchical cluster analysis, the squared Euclidean distance between genotypes was utilized for the grouping of the genotypes (for similarity measures) using between group average linkages across and within seasons.
Results
Principal Component Analysis (PCA)
The extent of genetic variation in seed vigour and seed yield traits of the 24 West African rice genotypes was assessed using multivariate techniques. Principal component analysis was performed on the 24 genotypes of rice across both seasons. The results of the combined PCA across the two seasons are presented in Table 2 . The arithmetic sign of the coefficient is irrelevant since a common rule of thumb for determining the significance of a trait coefficient is to treat coefficient greater than 0.3 as having a large enough effect to be considered important [35] . Traits having less than 0.2 coefficient value were considered to be of no effect to the over-all variation observed in the present study.
Also from Table 2 , the results from the PCA revealed that only three of the principal components had eigen values greater than 1.0. The first three axes with eigen values of 7.86, 2.17 and 1.20 respectively, jointly accounted for 86.34% of the total variation among the A further understanding was obtained by plotting the PC scores for individual observations in relation to the axes of PC1 and PC2 (Figure 1) . The ordination of the genotypes on axes 1 and 2 has two hidden observations. Genotypes WITA 1 (E) and BW 348-1 (F) were the most distinct from the others as shown in Figure 1 . Figure 2 shows the plot of the PC scores for individual observation in relation to the axes of PC1 and PC3. The ordination of the genotypes on axes 1 and 3 also had two hidden observations. Genotype WITA 1 (E) and genotype BW 348-1 (F) were the most distinct from the others.
Presented in Figure 3 is the plot of PC scores for individual observations in relation to the axes of PC2 and PC3. The ordination of the genotypes on axes 2 and 3 has one hidden observation. Genotypes WAT 1156-B-4-2-3-3 (T) and genotype WAT 1265-B-82-2-2-3 (W) were the most distinct from the others and they were discriminated by character related to axis 3.
Hierarchical Cluster Analysis
The genotypes were classified into four groups by cluster analysis based on percentage germination and emergence percentage (Figure 4) . All genotypes were distinct at an average similarity distance of 0.00 while at 2.01 they could no longer be discriminated. Genotypes included in the group I were 15 genotypes (WITA 8, WAT 1286-B-45-2-2-3, WAT 1199-B-10, WAT 1073-B-65-2-2-2, WAT  1377-119-2-3, WAT 1104-B-41-3-1-3, WAT 1289-B-33-3-2, IR 69513-11-SRN-1-UBN-3-B, WAT 1059-B 51-2,  WAT 1265-B-82-2-2-3, TOx 4004-8-1-2-3-1, WAT  1282-B-50-3-3, WAT 1104-B-73-3-3-2, WAT 1380-2-1  and WAT1073-B-74-2-3-3) . Mean percentage germination and mean percentage emergence were 65.18% and 60.43% respectively. Group II included two genotypes 
Discussion
The result of the principal component analysis substantially confirms the pattern of character covariation among the genotypes studied. It also identified the characters that contribute most to the variation within a group of entries [15] . The biological meaning of the principal components can be assessed from contribution of the different variables to each principal component according to the Eigen vectors [36] . The results of the principal component analysis show that different characters contributed differently to the total variation as indicated by their Eigen vectors as well as their weight and loading on the different principal axes. The differences in the growing conditions modulated the contributions of different characters to the total variation. Each component score obtained is a linear combination of the traits similar to an index, such that the maximal amount of variance is shown on the first principal component, second maximal amount is shown on the second component, third maximal amount is shown on the third component and so on. The result of the PCA across the two seasons indicated that the first three axes of the PCA captured 60.47%, 16.68% and 9.19% of the total variation among the entries. This is in agreement with Clifford and Stephenson [17] and Adekoya [37] who reported that the first three principal components were the most important in reflecting the variation patterns among accessions and the characters highly associated with these should be used in differentiating accessions. The PCA1 also revealed that seed vigour traits such as seedling vigour index-I, seedling vigour index-II, speed of germination index, percentage germination, seedling establishment, energy of germination, emergence percentage and seed yield/plant contributed substantially to the discrimination among the 24 genotypes.
Principal component analysis gave the distribution pattern of individual scores of the genotypes along the principal component axis and the portion of the total variance contributed by each of the different variables [38, 39] . The clustering of scores among PC axes suggests that some relationships exist among individuals within a cluster. The main components which discriminated between genotypes for PC1 (Y-axis) were seedling vigour index-I, seedling vigour index-II, percentage germination, speed of germination index, energy of germination, seedling establishment, seed yield/plant and emergence percentage and for PC2 (x-axis) were emergence index, speed of emergence and seedling dry weight. Generally, genotype BW348-1 and WITA 1 had low rating for most of the components. The other genotypes were either average (close to the zero line) or higher when above the line.
Genotypic differences in seed germination and emergence were revealed in the study and the 24 rice genotypes were divided into four distinct groups. Varietal differences in seed germination and emergence of rice have been reported by Lee et al. [26] , and Adebisi et al. [40] . The classification of the genotypes into separate distinct clusters could lead to increase in heterotic effect in cross progenies. The different clusters, showed some character distinctions that could be employed for hybridization purpose. Cluster group I for instance recorded the highest emergence percentage and also had a high germination percentage. Group II also had high germination percentage with fairly high emergence percentage. Genotypes in group IV had the lowest germination percentage and emergence percentage.
Conclusions
This study, which used multivariate techniques to assess the extent of genetic variation in seed vigour and yield traits of 24 West African rice genotypes, was a first step in gaining an insight into the germplasm divergence, which is an important step towards an efficient exploitation of genetic resources of West African rice genotypes.
The principal component analysis identified speed of germination index, seedling vigour index-I, seedling vigour index-II, emergence percentage seedling establishment, percentage germination, seed yield/plant, energy of germination, seeding dry weight and plant height as characters that mainly described the variation within the rice genotypes. However, some components did not contribute appreciably to the variation within the entries and could be dropped in similar analysis, in order to improve the quality of result from the technique.
The cluster analysis classified the rice genotypes into four distinct clusters, indicating that hybridization of genotypes across clusters could lead to increase in heterosis in cross progenies. The following characters should be included in the crop improvement programme for improved seed quality within lowland rice germplasm: speed of germination index, seedling vigour index-I, seedling vigour index-II, percentage germination, percentage emergence, seedling establishment, energy of germination and seed yield/plant.
